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An Investigation of Codon Usage Bias Including Visualization
and Quantification in Organisms Exhibiting Multiple Biases
Douglas W. Raiford, Travis E. Doom, Dan E. Krane, and Michael L. Raymer
Abstract
Prokaryotic genomic sequence data provides a
rich resource for bioinformatic analytic algo-
rithms. Information can be extracted in many
ways from the sequence data. One often over-
looked process involves investigating an organ-
ism’s codon usage. Degeneracy in the genetic
code leads to multiple codons coding for the
same amino acids. Organism’s often preferen-
tially utilize specific codons when coding for
an amino acid. This biased codon usage can
be a useful trait when predicting a gene’s ex-
pressivity or whether the gene originated from
horizontal transfer. There can be multiple bi-
ases at play in a genome causing errors in the
predictive process. For this reason it is impor-
tant to understand the interplay of multiple bi-
ases in an organism’s genome. We present here
new techniques in the measurement and analysis
of multiple biases in prokaryotic genomic data.
Included is a visualization technique aimed at
demonstrating genomic adherence to a set of
discrete biases.
1 Introduction
Recent advances in genomic sequencing tech-
niques have caused a rapid increase in the
amount of available whole genome sequence
data. At the time of this writing the the National
Center for Biotechnology Information (NCBI)
[14] has sequence information for 318 complete
microbial genomes. This represents over one
billion base-pairs of sequence information. Se-
quence data can provide a great deal of valu-
able information, including gene location pre-
diction, gene ancestral origins, and taxonomic
relationships between species. Another source
of information is the degeneracy in the genetic
code. There are 64 amino acid coding triplets,
or codons, that code for only twenty common
amino acids. This means that multiple codons
sometimes code for the same amino acid (de-
generacy). It has long been known that organ-
isms preferentially utilize one or more of these
synonymous codons in their coding sequences
[6, 7, 9, 15]. This bias in codon usage can be
exploited to predict such things as how often a
gene is expressed [5] or whether a gene is a re-
cent addition to the genome [4].
Selective pressure to enhance translational ef-
ficiency is thought to be the underlying cause of
the bias used in predicting gene expressivity [10,
16]. There is an amino acid carrying molecule
(tRNA) associated with each codon that is used
in translating the mRNA transcripts into the pro-
tein macromolecules. When the codon associ-
ated with the highest tRNA abundance is uti-
lized, efficiencies in translation can be realized
due to the higher relative availability.
Biases associated with translational efficiency
are not the only biases found in prokaryotic and
small eukaryotic genomes. They can also be
affected by such biases as those introduced by
high or low GC-content [2]. In some cases these
biases can coexist with translation bias [2, 8].
When this occurs translation bias can be ob-
scured, making gene expression levels difficult
to predict.
Several approaches have been employed to
identify and measure codon usage biases [1, 3, 5,
9, 11, 13, 17–20]. Some methods, such as codon
adaptation index [17], require prior knowledge
of a set of genes known to be highly expressed.
Others, such as the updated codon adaptation in-
dex (CAI) algorithm [3] attempt to identify the
bias using coding sequence information only.
Algorithms that take the latter approach (us-
ing sequence information only) can be con-
founded by other biases that exist within the tar-
get genome (e.g. GC or strand bias) [2, 3, 12].
Identified biases may not be those associated
with translational efficiency. Figure 1(a) reveals
the location of the reference set (small set of
genes that are the most highly biased) for Nos-
toc sp. PCC 7120. These genes would be as-
sumed to be the most highly expressed in the ab-
sence of a confounding bias. Figure 1(b) depicts
the location of ribosomal protein coding genes.
One would normally expect these genes to be
highly expressed. It is of concern that they are
not in the same region of the genome as the pre-
dicted reference set. The region of the codon
usage space where the CAI identified reference
set resides is also the region where the high AT-
content genes are located. This is an indication
that the predicted reference set (Fig. 1(a)) is
more likely to be the set of genes identified due
to a high AT-content bias.
We present new techniques for measuring and
visualizing a genome’s adherence to codon us-
age biases. To this end, the Methods section be-
gins by describing how to isolate the dominant
bias in an organism’s codon usage space (CAI
algorithm). Following the description of CAI,
we will present a measure of genomic adherence
to an identified bias, followed by a visualization
technique useful in gaining insights into this ge-
nomic adherence.
2 Methods
2.1 Codon Adaption Index
Codon adaptation index (CAI) [3] is an algo-
rithm that isolates the dominant bias in an or-
ganism’s genome. Once the bias is identified,
the algorithm computes a score representative of
each gene’s adherence to that bias. CAI is cal-
culated through the use of an iterative algorithm
that first locates a reference set of genes (small
set of the most highly biased genes) that is then
used to calculate weights that determine a CAI
score for each gene. It starts with a reference set
of all genes and assigns a weight to each codon
based upon the codon usage in that reference set.
It then iteratively reduces the reference size by
one half until it achieves the correct reference
set size (1% of all genes).
The algorithm assigns a weight to each codon
based upon the codon usage in the current refer-
ence set. The weight for a given codon is equal
to the count of that codon (within the subset of
genes currently considered the reference set) di-
vided by the count of its sibling with the highest
count (the maximal sibling will have a weight
of one). Equation (1) describes the weight w of
the ith codon for the jth amino acid. The x in
the numerator is the count for that codon and
the denominator (y) is the count of the maximal





Given these weights a CAI score is calculated





L is the length of the gene (number of
codons). The CAI value for a gene is a geo-
metric average of codon usage within that gene.
The list of genes is sorted by CAI score, and
the genes in the top half of the list are kept as
the new reference set. New w values are calcu-
lated, followed by new CAI values for the genes.
This process is repeated until the reference set of
genes equals one percent of the original number
of genes.
2.2 Locating Second Bias
In organisms where the CAI algorithm is con-
founded – i.e. ribosomal protein coding genes
are in disparate locations from identified refer-
ence sets (as in Fig. 1) – a second search must
be performed. This second search is localized to
the region where the ribosomal protein coding
genes reside and is similar to the random search
employed by [3]. Once a suitable reference set
is located in the appropriate region of the codon
usage space, CAI scores are generated for all

















































































(b) Ribosomal Protein Coding Genes
Figure 1: Nostoc sp. PCC 7120. 1(a) Reference Set. Small set (1% of genome) of genes identified by CAI
algorithm as being highly expressed. Each point represents a gene. The dark genes comprise the reference
set. 1(b) Ribosomal protein coding genes. Genes known to be, generally, highly expressed. Each point
represents a gene. The dark genes are ribosomal protein coding genes. Ribosomal protein coding genes
are distant from the region identified by the reference set. This indicates that the bias identified by the CAI
algorithm is confounded and is not representative of translation bias. RSCU is relative synonymous codon
usage [16], a normalized codon frequency. A gene is represented by a 64 dimensional vector of frequencies.
genes representing their adherence to this new,
secondary, bias.
2.3 Genomic Adherence
Once a bias has been isolated it is useful to de-
termine how strongly the genome adheres to that
bias. This can be determined by aggregating
the bias adherence of the individual genes. CAI
is a measure of a particular gene’s adherence
to the bias identified by the CAI algorithm. A
gene that displays perfect adherence achieves a
CAI value of 1. CAI values depicted graphically
(Fig. 2) form a characteristic curve. The area
under this curve (a summation of the discrete
CAI values for all genes) is representative of the
genome’s adherence to the bias. If all genes ad-
here perfectly to the bias their sum will equal the
number of genes in the organism’s genome (N ).
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Figure 2: Nostoc sp. PCC 7120 CAI values. The X
axis is a listing of genes arranged by ascending CAI
score. Y axis is CAI score of each corresponding
gene. The area under this characteristic curve repre-












Because genomic adherence to a specified
bias (GASB) is normalized by N , the adher-
ence metric also describes the organism’s aver-
age CAI score. This makes other related quan-
tities, such as variance and standard deviation,
available and useful. This is especially true
since organismal CAI scores generally adhere
to a normal distribution (Fig. 3). This also
implies that a t-test can be employed to verify
whether one genomic adherence score is sig-
nificantly greater than another (say, between a











































Figure 3: Nostoc sp. PCC 7120 Distribution of CAI
values. Gene CAI scores generally adhere to a nor-
mal distribution making such measures as standard
deviation and t-tests meaningful.
2.4 Polar Bias View
Visualizing the genome’s adherence to multi-
ple biases can be useful in gaining insights into
how the biases interrelate. Our adherence visu-
alization method treats two competing biases as
point-sources (poles) of attractive force exerted
on the individual genes within the genome. A
gene that is strongly attracted to one bias but not
the other is shown as being very close to the one
pole and distant from the other. Genes pulled
equally by both poles are shown as equally dis-
tant from both. Figure 4 is an example of this
data view. Each point is a gene, and the dis-
tance between the gene and a pole is described
by 1 − CAI(g). The maximum CAI score is 1
so 1 − CAI(g) will be high for genes that are
far from the pole and low for genes that are
close. Note that the genes appear more drawn to
the translational efficiency bias even though the
CAI algorithm is confounded by the GC bias.
Translation GC
Figure 4: Example of Polar Bias View of Transla-
tional and GC bias for Nostoc sp. PCC 7120. Each
point represents a gene and the distance from that
point to a bias pole is 1 − CAI(g) for that gene
as defined by the reference set associated with that
bias. Even though AT-content confounds the CAI
algorithm, once isolated, translation bias exhibits
stronger genomic adherence (i.e. on average the the
genes are closer to the translational bias pole than to
the content pole).
The procedure for generating the polar bias
view is to first determine the location of the
poles (the two end points of b in Fig. 5). The
magnitude of b is determined by finding the
smallest (1−CAI(g)1) + (1−CAI(g)2). This
can be accomplished by storing both CAI val-
ues in a listing of genes, calculating the result
of the equation for each gene, and then sorting
the gene list by that value. Trigonometric tech-
niques are employed to evaluate x1 and y values
(6 and 7). The law of cosines is used to deter-








Figure 5: Geometric Representation of Codon Us-
age Polar View. Bias poles located at opposite
ends of base b. Gene located at apex of triangle
(top). Gene location relative to two biases defined
by [x1, y] coordinates. To build the polar bias view












An example of a polar bias view was presented
in Fig. 4. That view was of an organism
whose two biases were in disparate regions of
the codon usage space. An example of a polar
bias view for an organism whose biases are very
close can be seen in Fig. 6. In these depictions
the degree to which a different ordering of genes
occurs, when sorted by CAI, is indicated by the
horizontal spread of the gene cloud. The wider
the spread the more dissimilar the ordering.
4 Discussion
Algorithms developed to determine gene bias
levels tend to find the gene’s adherence to the
dominating bias. This can be problematic if the
intent is to find translational bias levels indica-
tive of expressivity. Previous work has indicated
that multiple biases can coexist in a genome
[2, 8]. With the use of our genomic adherence
measure and polar bias view we have extended
our understanding of genomic codon usage in
the presence of multiple biases.
The polar bias view is useful in visualiz-
ing the stronger adherence of genomes to the
Translation GC
Figure 6: Streptomyces coelicolor A3(2) Polar Bias
View. Indicative of biases that are in close proximity.
Each point is a gene and the distance from the gene
to either pole (bias) is 1 − CAI(g). Previous polar
view (Fig. 4) was of biases in disparate regions of
the codon usage space.
translation bias. Figures 4 and 6 clearly show
a general tendency of the genes to be more
strongly attracted to the translational bias than
the GC(AT)-content bias. Nostoc sp. PCC 7120
(Fig. 4) and Streptomyces coelicolor A3(2) (Fig.
6) are characterized by AT and GC-content, re-
spectively. It is hoped that analyses such as these
will lead to a better understanding of how and
why bias identification algorithms become con-
founded in the first place, and how we can avoid
this problem in the future.
Genomic adherence measures and visualiza-
tion techniques such as our polar bias view are
excellent tools for investigating and understand-
ing the forces at work in the universe of codon
usage. They provide insights into the nature of
the biases at play and lead to advances in the dis-
covery and isolation of secondary biases within
an organism’s codon usage space.
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